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Problem

• When the underlying causal structure has latent confounders, given a tuple 
of hard-interventional distributions with known targets, how much can we 
learn about the causal graph? 

• Can we characterize the interventional Markov equivalence class (ℐ − 𝑀𝐸𝐶)
with a graphical representation?



Challenge

• When there is no latents, Hauser et al.  show that interventions reveal the 
local structures.

Causal graph Intervene on 𝑋

Hauser, A. and Bühlmann, P. Characterization and greedy learning of interventional markov equivalence classes of directed acyclic graphs. The Journal of Machine Learning Research, 13(1):2409–2464, 2012.



Challenge

• When the intervention is soft, Kocaoglu el al. construct augmented MAG to 
capture the testable separation statements.

Causal graph Intervene on 𝑌

Kocaoglu, M., Jaber, A., Shanmugam, K., and Bareinboim, E. Characterization and learning of causal graphs with latent variables from soft interventions. Advances in Neural Information Processing Systems, 32, 2019.



Challenge

• Hard interventions may impose non-local separations to the 
graph.

Causal graph
Intervene on 𝑌

𝑋 ⊥ 𝑍 in the interventional domain of 𝑌 !
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ℐ-Markov Equilvalence Class

• We construct the augmented pair graph to capture invariance across 
domains.

Causal graph with 𝑃𝑜𝑏𝑠 and 𝑃𝑌

Augmented pair graph

𝐹 pointing to the 
symmetric difference



ℐ-Markov Equilvalence Class

• Based on the augmented pair graphs, we build the twin augmented MAG.

Augmented pair graph Twin augmented MAG

Make the adjacency of 𝐹 
symmetric



ℐ-Markov Equilvalence Class

• Characterize the ℐ-MEC based on the twin augmented MAGs.
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• Combine twin augmented MAGs to domain centric graphs.
• The same conditions for ℐ-MEC apply for ℐ-augmented MAGs.



ℐ-Augmented MAGs
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Experiments

• We compare the ℐ-MEC size under hard and soft interventions.



Summary

• We introduce generalized do-calculus rules for hard-
interventional distributions.

• We propose a new graphical structure to characterize ℐ-MEC with 
hard interventions and latents.

• We design a sound learning algorithm that combines data from 
hard interventions.

• We conduct experiments to show that the hard ℐ-MEC size is on 
average smaller than soft ℐ-MEC.
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